This paper presents a first attempt at obtaining a reusable and scalable model of buildings. To this end, a university building is first modeled using EnergyPlus, an energy simulation software. The EnergyPlus model is then validated using measured temperatures in the university building. In a second part, the EnergyPlus model is used to generate informative input/output data to perform system identification techniques: a black-box model of the building is obtained. Using simulation experiments, it is showed that the structure of the black-box model can be used to model the building at different scales: a thermal zone, a floor or the whole building.
Introduction
The building sector is a greenhouse gases emitter and the largest consumer of energy among all economic sectors.
In 2010, it was responsible for 40% of global CO 2 emissions and accounted for about 41% of primary energy consumption in the United States (US) [1] . In France, the building sector is representing 44% of the total energy consumption (in 2011); it has increased by almost 25% over the last 20 years [2] . Hence, reducing the energy consumption in the building sector can significantly contribute to the diminution of the power consumption and the greenhouse gases emission.
Currently, a popular approach to save energy in buildings is the application of model predictive control (MPC) $ RIDER project: this work is supported by a fund from the Fonds Unique Interministériel (OSÉO -Région Languedoc-Roussillon).
* Corresponding author strategies to the building automation systems or to some of their parts (see [3, 4, 5] for example). To obtain on-line predictions, the MPC strategy relies on an internal model of the process to be controlled. The dynamic model used to perform the predictions is thus of great importance. The numerous modeling approaches that have been considered can be classified into three categories.
• White box modeling: in this approach models are built using a priori knowledge about the system and thermal balance equations. These models are often obtained through energy simulation softwares like EnergyPlus [6] , TRNSYS [7] , etc.
• Black box modeling: usually constituted of differential or difference equations, these models are obtained using measured input/output data and statistical estimation methods (see e.g. [8, 9] ). No a priori knowledge is needed in this approach, but input/output data of high quality is usually needed to get accurate models.
• Grey box modeling: a mix of the first two categories.
Models are obtained using input/output data as well as some a priori knowledge on the system. A popular grey-box model is the equivalent RC networks (see [10, 5, 11] for example).
This work is a part of the RIDER project [12] , whose objective is to improve energy efficiency of buildings and groups of buildings while preserving the thermal comfort of the occupants and/or other (economic) criteria. The use of MPC is in this case natural; a model of the thermal zones is thus needed. The nature of the RIDER project imposes two constraints on the modeling procedure.
First, the developed modeling procedure should ideally be applicable to different buildings. White box and grey box models are thus not appropriate: since they use a priori knowledge on the building, the procedure would not be applicable to different buildings without many changes. In order to obtain a reusable modeling procedure, black-box models have thus to be used.
In addition, the developed methodology should be applicable at different scales: from a single thermal zone to a whole building made up of several thermal zones. As a consequence, the structure of the black-box model should be complex enough to adapt to the various scales.
The work presented in this paper begins to explore the feasibility of this problem by studying the modeling of an university building. First, one has to get a deep knowledge on the building thermal behavior with respect to various excitation signals. This is achieved by modeling the building using the energy simulation software EnergyPlus; the second section details how this model was obtained and validated (see also [13] ). Note that the EnergyPlus model is not a part of the modeling procedure: it is only instrumental in developing the modeling procedure. In the third section is explained how this EnergyPlus model is used to generate rich data and obtain a generic and scalable model using system identification. Finally, in the last section the results are presented and discussed. 
Modeling using EnergyPlus

Building geometry and materials
The university building under study (see 
HVAC system
The HVAC system is a Hitachi Variable Refrigerant Flow (VRF). An external condensing unit is connected to several air handling units. As a result, the refrigerant flow can be varied either by using an inverter controlled variable speed compressor or by using more than one compressor.
The heat or cold production is performed by two outside condensing units (simultaneous cooling and heating is not 
EnergyPlus model
The modeling of the building and its HVAC system is made with EnergyPlus, a building energy simulation software created by the US Department of Energy [6] . The virtual architecture of the building is created with the Google Sketchup 3D design software (see Figure 1) , and is linked to EnergyPlus using the Legacy OpenStudio Sketchup plug-in [14] . Building architecture informations come from the architect book, and some thermal parameters (conductivity, specific heat, . . . ) come from ASHRAE's book [15] . As for the HVAC VRF system, its characteristics are derived from similar equipment found in [16] .
Instrumentation
In 
Meteorological data
The weather data has been provided by 'MeteoFrance' (MF) [17] . The meteorological station is located in Perpig- All these data are measured with a hourly time step except for the direct normal and diffuse horizontal radiations, which are not measured but reconstructed using global horizontal radiation and the Erbs model [18] , following the conclusion in [19] .
EnergyPlus model validation
The validation is made in two steps: the model of building envelope is first validated (the HVAC system being switched off), then the complete model of the building with the HVAC in heating mode. The validation is realized during holidays (respectively summer and winter), so that no activity or internal gain are perturbing the results.
In the Figure 4 and Figure 5 , the black curve represents the measured indoor temperature while the magenta curve represents the simulated indoor temperature using EnergyPlus; the bottom subplot represents the outdoor temperature from MF. Perceptible discontinuities on measured indoor temperature come from missing data due to sensors or server failures.
During 2012 summer test (Figure 4) , curves have globally the same variations, except for two periods: around June 24th in media room, and between June 30th and July 2nd in classroom 11; these rooms were actually occupied by students and a council meeting during these periods: the air conditioning was on. Although the amplitude of the variations seems to be higher for the simulated temperature than for the measured one, the model is rather satisfying. 
Modeling procedure using system identification
System identification is the field of modeling dynamic systems from experimental data (see [20, 21] for details).
The modeling procedure is as follows (see Figure 6) ; for each thermal zone that is to be modeled:
1. collect input/output data;
2. estimate the parameters of the black-box model; 
validate the obtained model.
The identification of black-box models relies exclusively on input/output data. However, data collected from real operation of a building are usually insufficiently informative to reliably estimate the model [22] : the persistence of excitation condition (see [20] for example) is hardly met in these conditions. The idea is then to use EnergyPlus in order to generate rich data, that will in turn be used to identify the black-box model. This also allows to generate data that would be hard or impossible to get from real operation of a building.
However, the design of input signals in EnergyPlus is
made through the use of schedules, which is quite impractical if, say, a pseudo-random binary sequence (PRBS) is to be generated. A solution to overcome this problem is co-simulation, that is the integration of different software components by run-time coupling [23] .
Matlab and EnergyPlus interoperability
The Building Controls Virtual Test Bed (BCVTB) [24] is a software environment that allows users to link together Step 1: collect I/O data
Step 2: system ident.
Step 3: model validation 
Matlab EnergyPlus
Model structure
A state-space representation, more suitable for modeling MIMO systems, has been chosen. In innovation form, it is given by (see e.g. [20] ):
where u(t) is the input vector, y(t) the output vector, e(t) 
Design of experiments
A caveat in black-box model identification is that the input/output data have to be informative enough for the model be to reliable. In particular, the input signal almost always violates the persistence of excitation condition (see e.g. [20] ) during the normal operation of a building [22] .
However, thanks to the Matlab/EnergyPlus co-simulation, suitable inputs can be designed in Matlab and fed to EnergyPlus to get the output signal.
A common input signal for system identification is the Pseudo-Random Binary Signal (PRBS): it is a periodic, deterministic signal with white-noise-like properties [20] .
In the input vector u(t), only the heating/cooling power of the HVAC system is controllable. However, in EnergyPlus, there is currently no way of controlling heating or cooling power directly; the solution is then to control the indoor temperature heating and cooling setpoints, which act directly on the HVAC power. In order to ensure that the HVAC power follows the setpoint PRBS as closely as possible, the binary levels of the PRBS are set to 5
• C and
30
• C: the HVAC should thus either be on at full power, or completely off.
The EnergyPlus model is excited during 36 days (from the 6th of December 2012 to the 11th of January 2013), with a time-step of 10 minutes. Some of the generated data for one thermal zone can be found in Figure 7 , where the input signals (direct normal solar radiation, HVAC power and outdoor temperature), the output signal (indoor ambient temperature) and the indoor temperature heating setpoint are plotted. One can see that, as expected, the indoor temperature never reaches the setpoints and the HVAC power follows the PRBS rather closely. One can also notice that during the considered period, the weather is varied (sunny and cloudy days, low and high outdoor temperature, etc.), which means more information to construct the model than if there were only warm and sunny days.
Order and parameters estimation
The model order can be estimated using input/output data; tests have consistently showed that a second order model is sufficient to model the dynamics of the indoor temperature (see also the discussion in [22] ). The model order has thus been set to two for all the models considered in the sequel.
In order to assess the scalability of the model structure (a state-space model of second order), several models have been identified:
• first, each room of the building is considered as a thermal zone separately;
• then the case of each floor as a unique thermal zone;
• finally, the complete building as a unique thermal zone.
Each time, the considered thermal zone is excited using the same PRBS to control the heating setpoints, while the other thermal zones are left drifting. The system matrices A, B, C and D are determined using the prediction-error method in the system identification toolbox of Matlab. The general idea of prediction error methods is as follows (see also Fig. 8 ):
1. use the model, whose parameters are collected in a vector θ, to compute a predictionŷ(t, θ) of the output;
2. compute the prediction error ε(t, θ) = y(t) −ŷ(t, θ); 3. determine the parameter vector θ that minimize some norm (usually quadratic) of the prediction error:
In the end, one model for each thermal zone is obtained.
The models have the same structure, but the value of their parameter vector θ is different (to account for their different thermal characteristics).
Results and discussion
The generated data is divided in two sets: the first • four thermal zones on the ground floor;
• three thermal zones on the first floor;
• the first floor as one thermal zone;
• the whole building as one thermal zone.
Models' quality is evaluated using the normalized root mean square error fit value, defined as:
where y is the validation data andŷ is the output of the model. In addition to pure simulation (infinite prediction horizon), the ability of the identified model to predict indoor temperatures is tested on three prediction horizons:
24 h, 12 h and 3 h. Figure 9 presents the comparison between the validation data and the temperature simulated using the models.
For the sake of space, only four plots are printed (results are similar for the other zones) and only for pure simulation. The fit values for all the nine models using different prediction horizons can be found in Table 1 .
It can be seen on Figure 9 that the model structure is complex enough to account for the different scales: whether it is a single thermal zone, a floor or the building as a whole, the ability of the models to simulate and predict the indoor temperature is satisfying (see Table 1 ). 
Conclusion and perspectives
In this paper, procedure for modeling a building and its thermal zones has been developed, using a black-box model.
System identification techniques have been applied to rich input/output data generated using co-simulation between EnergyPlus and Matlab. The black-box model structure, a state-space dynamical model of second order, has been shown to be scalable: the identified models of rooms, floors and the building as a whole exhibited rather satisfying prediction of indoor temperature of the considered thermal zones.
Future work will assess the reusability of the modeling procedure by applying it on several types of buildings with different heating and cooling systems, and in different locations. Also, a study will be be conducted in order to determine an excitation signal that is sufficiently exciting, while also being easily applicable on a real building; the modeling procedure will then be applied to a real building without recourse to an energy simulation software.
